This article presents a fuzzy controller for autonomous vehicle to intelligently recognize running environment and avoid an obstacle, which is constructed by rough sets (RSs) and an adaptive neurofuzzy inference system (ANFIS). Firstly, RSs are considered to propose a pyramid normalization (PN) method for normalizing state parameters (SPs) which are defined to recognize relative position such as distance and angle among a vehicle, an obstacle and target pathway, to improve the adaptability of complex environment and optimize the database of driving knowledge. Secondly, ANFIS is employed to design a controller with self-position azimuth correction (SPAC) for performing trajectory tracking and obstacle avoidance. Finally, the proposed methods have been implemented on the model vehicle called ''RoboCar'', and compared with various fuzzy control approaches such as the initial SPs with ANFIS, the normalized SPs with fuzzy neural network (FNN), and the initial SPs with FNN. Time, maximum tracking error and mean tracking error are calculated to evaluate the performance. The experimental results with four kinds of target pathways have shown that the PN-ANFIS-based controller has saved time (7.6%), reduced maximum tracking error (8.1%) and mean tracking error (8.5%).
I. INTRODUCTION
With the aging of society and the prejudice of some people, agricultural workers decline year by year at present. So it is an inevitable trend to apply intelligent technology in the agricultural field for improving labor productivity and laborsaving [1] . And the application of autonomous vehicle is one of the methods. Most of operations such as sowing, weeding, fertilizing and harvesting can be automated with autonomous vehicles, which substantially reduces the labor force and increases productivity.
Recently, both industry and academia have made great efforts to improve the safety, efficiency, energy consumption and mobility of autonomous vehicle on road [2] . The objective of the autonomous driving is to select an optimal path to get to the destination without colliding across any obstacles [3] , [4] . The randomization process is employed to explore the large state spaces for satisfying the vehicle's running requirements [5] , [6] .
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A set of ''tentacles'' with different curvatures have been used to represent a set of pre-calculated trajectories defined in the ego-centered coordinate space of the vehicle, then the optimal ''tentacle'' has been selected as the generated path in real-time to achieve a motion planning [7] . The architecture of control system for autonomous vehicle, called ''Intelligent Pioneer'', has been presented to discuss the path tracking in unknown environments [8] . Neural network is employed to provide path planning and motion command for obstacle avoidance travel control of robot vehicle [9] , [10] , [11] . Many sensors have been mounted on the mobile robots to presume self-localization and mapping without global position system (GPS) [12] . Radial basis function neural network has been used to extract the drivable region from the perception grid map, and then guide autonomous running in unstructured environments [13] , [14] . Fuzzy neural network (FNN) [15] , deep reinforcement learning [16] , dynamic Bayesian network [17] and high precision GPS positioning [18] is applied to formulate transfer trajectory and establish a management system for intelligent land-vehicle model.
These pieces of research have improved the method of motion planning and the technology of intelligent control, and promoted the perception ability of running environment. However, there are still some problems which limit the development of the autonomous vehicle, such as the effective management of the driving knowledge and the adaptability of complex environment.
To solve these problems, this article proposes a fuzzy controller for autonomous vehicle on the basis of rough sets and adaptive neuro-fuzzy inference system (ANFIS), the research's purpose is to recognize gradationally running environment from near to far, and avoid automatically obstacles on a given pathway. In this article, pyramid normalization (PN) method is proposed to reprocess state parameters (SPs) which are defined to recognize relative position such as distance and angle among a vehicle, an obstacle and target pathway. RSs are used to disperse continuous SPs, and increase successively the discrete interval. It is favorable to improve the control precision when the vehicle approaches an obstacle or target pathway. Meanwhile, ANFIS is employed to design a controller with self-position azimuth correction (SPAC), and eight fuzzy if-then rules are used to construct the fuzzy inference system for performing trajectory tracking and obstacle avoidance. It is conducive to enhance the adaptability to recognize a complex environment and optimize response time. To verify the performance of the PN-ANFISbased controller, four kinds of target pathways have been planned. Time, maximum tracking error and mean tracking error are used to evaluate the stability of the fuzzy controller. Comparing the experimental results of the proposed methods with various fuzzy control approaches such as the initial SPs with ANFIS, the normalized SPs with fuzzy neural network (FNN), and the initial SPs with FNN, the PN-ANFIS-based controller has saved time, reduced maximum tracking error and mean tracking error. The detailed results are described in Section IV. The rest of this article is organized as follows: the construction methods such as vehicle architecture, recognition of target pathway, obstacle avoidance and SPs of running environment are introduced in Section II; the fuzzy control methods, including PN definition, ANFIS-based network structures and SPAC-based method are presented in Section III; the proposed methods are verified on four kinds of target pathways, and compared with various fuzzy control approaches in Section IV; discussion and conclusion are given in Section V. Fig. 1 is the autonomous vehicle called ''RoboCar'', which is developed by ZMP Inc. for research and education in new field of automotive and robot technology. The dimensions of the vehicle are W195.0 mm, D429.0 mm, and H212.2 mm. The system can be divided into four subsystems: environment perception system, information processing system, decision making system and control system, as shown in Fig. 2 . In environment perception system, two stereo cameras (SCs), eight infrared distance measuring sensors (IDMSs), one laser range finder (LRF) and one magnetic field sensor (MFS) have been employed to obtain the information of running environment. Two SCs are used to substitute men's eyes for recognizing stationary or moving barrier and the driving territory, then they are installed in the left and right sides of RoboCar's head. Eight IDMSs are evenly arranged at the front end of RoboCar, and can monitor the field within 30cm of the vehicle on both sides and 60cm of the front. One LRF is used to verify the distance and angle of the barrier, and one MFS is used to correct the own location of the vehicle. Then the state parameters (position, angle, line) of the vehicle are extracted through information processing system. However, information processing is also complex. Firstly, the information of running environment must be filtered to extract the corresponding feature, then state parameters can be calculated, and fuzzified to obtain the digital ones by rough set.
II. CONSTRUCTION METHOD A. VEHICLE ARCHITECTURE
Next parts are decision making system and control system. The information of two systems are associated, interactive and restrictive. Motion planning is the guideline, and the specific position must be corrected timely by control system. Wi-Fi module is used to establish two-way communication between the vehicle and personal computer, then the running data are obtained in real-time and the model vehicle can be directly controlled by human.
B. RECOGNITION OF TARGET PATHWAY
Various techniques have been developed to solve the recognition of target pathway. For example, two variables, the relative chirp rate of the linear frequency modulated (LFM) signal and the Doppler focus shift, are used to evaluate the target pathway [19] . The departure angles such as 150, 300, 450, from the dead ahead of the vehicle have been defined for recognizing the target pathway [15] , [17] , [11] , [20] , [21] . These methods benefit to improve environment identification for intelligent vehicle. However, when target points in the fixed angles cannot be found, the vehicle will be intermittently controlled with unrestraint. In order to perform the fuzzy control method on the basis of rough sets and neural network, many effective points are sampled on the test area, and are expressed by coordinate values which are set with the interval of about 20 cm. In the article, these points are known as target points, and the curve connecting target points is regarded as a target pathway, as shown in Fig. 3 .
The target pathway is formulated when these points are memorized in the vehicle's CPU beforehand. While any target point (P i ) is perceived in search area, the relative distance (P i O') from the perceived point and the vehicle's center (O') is calculated, and the directed angle ( P i O'A) from the line (P i O') to the dead ahead (O'A) of the vehicle is measured. Currently, there are multiple target points which have been detected at the same time. Then the local pathway is identified, and the present position of the vehicle is confirmed. Along with vehicle running, other target points are searched sequentially, then the target pathway is recognized.
C. OBSTACLE AVOIDANCE
Obstacle avoidance is a tough problem in the field of autonomous vehicle. Different research approaches have been presented in existing literatures [15] , [16] , [18] . In the paper, pattern method is used to avoid different obstacles, laser range finder (LRF) is used to identify the distance and angle between an obstacle and the vehicle. Since the angle range of LRF is 240 0 and the angular resolution is 0.36 0 , eight measure areas are divided and two of them are focused with the current steering angle (SA) of the vehicle. If the SA's value is close to zero, two areas in the front of the vehicle are analyzed selectively. Similarly, when the current SA tilts to the right, two areas at front right will follow with interest.
D. STATE PARAMETERS OF RUNNING ENVIRONMENT
State parameters (SPs) are defined differently in different application environments. In order to extract the information of running environment rapidly, three state parameters are defined. SP 1 is the smallest distance from the vehicle's center (O') to the target pathway, which is positive when it is in the right side of the medial axis of the vehicle (O'A) and negative when it is in the left side. SP 1 represents the relative distance between the target pathway and the actual position of the vehicle. The circles centered on the vehicle with the radiuses 30 cm and 60 cm are focused respectively, particularly two cross points (C 1 , C 2 ) between the circles and target pathway in the running-direction. Then two directed angles from the lines (O'C 1 , O'C 2 ) to the medial axis of the vehicle (O'A) are obtained, which are labeled with SP 2 and SP 3 , as shown in Fig. 4 .SP 2 and SP 3 can predict the change trend of the SA.
III. FUZZY CONTROL METHOD
For autonomous vehicle, it is very important that pattern recognition is used to control a vehicle on target pathway. In this article, rough sets and ANFIS are employed to design a fuzzy control method. Fig. 5 is the implementation system of proposed algorithm.
Firstly, the environmental information of the vehicle is measured by SCs, IDMSs and LRF to obtain the original data of SPs. Then the original data are normalized by the pyramid normalization method. Secondly, the normalized SPs are used to determine whether there are obstacles and the threshold value of obstacle avoidance is exceeded. If there is no obstacle or the distance from the current vehicle's position to any obstacle is greater than the threshold, one ANFIS is trained for tracking a trajectory. Otherwise, there is an obstacle that must be avoided. Vehicle position will be presumed again and corrected by MFS, relative position between vehicle and target pathway is considered to train another ANFIS for avoiding obstacles. Then the model of fuzzy control method is built for automatic work. Here, the training data of the dual ANFISs come from the database of human driving knowledge. Finally, when new information of the current vehicle's position is obtained, steering angle is output to decide the direction of the vehicle.
A. NORMALIZATION METHOD
There are normalization methods for avoiding the difficulties caused by different dimensions of the criteria, such as vector normalization, Weitendorf's linear normalization, Juttler-Korth's normalization, Logarithmic normalization [22] . Rough set methods can be applied as a component of hybrid solutions in machine learning and data mining. At present, many applications of rough set in different regions have been proposed [23] - [27] . Rough set theory was applied to complete the injury severity analysis of vehicle crash, and followed by applying cross-validation method to estimate the prediction accuracy of extraction rules. Results show that it is effective for analyzing the severity of single-vehicle crashes with rough set theory [28] - [32] . Rough position was used to calculate the vehicle's accurate position, azimuth and attitudes with orientation provided by the vehicle based on navigation systems [33] . In the research, it is generally known that the nearer the vehicle arrives at target pathway, the higher control precision is concerned. Then the existing methods of Weitendorf's linear normalization and Logarithmic normalization were inspired, a large amount of experimental data were learned, and the control level requirements of a vehicle are analyzed in running environment from near to far, then rough set theory is considered to propose a novel normalization method called pyramid normalization (PN). The PN method not only disperses continuous SPs which are defined to recognize the relative position of a vehicle, but also increases successively the discrete interval on the basis of the relative position between the vehicle and an obstacle or target pathway from near to far. The specific definition of the PN method is shown in (1) .
where SP k (k = 1, 2, 3) is the original value of SPs from the perception system, and SP 1 is the smallest distance from the vehicle's center to the target pathway,
Then the normalization result of SPs are the integer values {0, ±1, ±2, . . . , ±7}. In order to test the described new normalization method, the real experimental data are used to perform the pyramid normalization. Fig. 6 shows initial data and normalization result of SPs. It is obvious that the application of pyramid normalization method not only keeps the change trend of initial data but also optimizes the distribution density. This exactly satisfies the need of the control system for autonomous vehicle. Since the SA of RoboCar is designed a maximum value of 30 0 for outer wheel and 36 0 for inner wheel, and the relationship between outer wheel and inner wheel attributes the vehicle's structure, the SA of outer wheel is selected as control parameter in the research. As SPs are defined with positive or negative sign, the value of SA is labeled with positive sign when the vehicle turns to the right. Otherwise, it is labeled with negative sign. Then the value range of SA is [-30 0 , 30 0 ]. According to the need of the control precision, the response speed of SPs normalized by pyramid normalization method, and the performing effect of multiple experiments, SA is divided with the interval of 4 0 from [−2 0 , 2 0 ] to both sides. Then the normalization method of SA is shown as follows:
where SA' is the normalized value of SA. Then the normalization result of SA are also the integer values {0, ±1, ±2, . . . , ±7}.
In order to increase the response speed of recognizing target pathway, the normalization of state parameters is performed before inputting ANFIS system. 
B. ADAPTIVE NEURO-FUZZY INFERENCE SYSTEM
ANFIS is an integration system which uses neural networks and fuzzy logic to optimize the fuzzy inference system for minimizing the error, and can refine the fuzzy if-then rules and membership functions to describe the input/output behavior of a complex system [34] - [39] . In order to research the ANFIS's application in the control field of autonomous vehicle, the ANFIS's structure is built with six layers, as shown in Fig. 7 , and eight fuzzy if-then rules are used to construct the fuzzy inference system, as follows:
where x, y, and z are the inputs which fuzzy sets are presented as T = {T 1 , T 2 , T 3 } and T j = {U, V}, (j = 1, 2, 3). {A i , B i , C i , D i } is the set of parameters which are called consequence parameters.
Layer 1 is an input layer. Here, x, y, and z are actually SP 1 , SP 2 and SP 3 , respectively. Then three SPs obtained at the same time slice are input the ANFIS for passing to neurons of the next layer.
Layer 2 is a fuzzification layer which considered with two nodes ''U'' and ''V''. Here, they represent the far and near fuzzy sets for aiming at the high accuracy of vehicle control when a target will approach. Therefore, small and big values are determined that the absolute values within 3 are defined as ''U'' and the other values are known as ''V''. Each node is used to calculate the fuzzy membership function which varies from 0 to 1, for quantifying the fuzzy membership level. There are many membership functions such as the trapezoidal, triangular, Gaussian, and bell function [34] - [37] . In the research, the bell function was adopted to fuzzify each node, as shown in (3).
where, s i , t i and r i are the parameters of the bell function or so-called premise parameters.
Layer 3 is a hybrid layer composed of fixed nodes, which has both the input samples and computational output. In general, the multiplication function is used [37] - [39] . Here, the hybrid function was presented to obtain the firing strength, as shown in (4) . For the sake of statement, the fuzzy layer is labelled as ''H''.
Layer 4 is a normalization layer labelled as ''N'' which consists of fixed nodes and normalizes the firing strength from each rule. The normalization function was defined, as shown in (5) .
Layer 5 is a functional layer which consists of adaptive nodes. The layer with the node function, as shown in (6), makes the relation between inputs and outputs.
Layer 6 is a final layer which consists of single node. It computes the sum of all input signals at various stages. The final function can be defined as shown in (7) . Here, the value of Q expresses the inference value of SA in ANFIS modeling.
For confirming premise parameters and consequence parameters, mixed learning method is adopted to reduce dimensions of searching space and enhance the convergence speed, and the objective function is needed in training. In the research, training objective was regarded as the function of the error (E) in ANFIS modeling, as shown in (8) .
where, SA r is the true value of SA in training data. M is the number of training points. To improve the response speed, the number of maximum iterations and the value of minimum error are set to 20 and 0.01. When the training data are input into ANFIS, and either of these conditions is met, the system stops iterating. Then back propagation algorithm as shown in (9) is used to search premise parameters {s i , t i , r i }, and least squares estimation algorithm is used to adjust consequence parameters
δ l = ∂E ∂O l,i (l = 6, 5, · · · , 2; i = 1, 2, · · · , 8)
When the error E is minimized, premise parameters {s i , t i , r i } and consequence parameters {A i , B i , C i , D i } are optimal. Then the controller of ANFIS has been designed. 
C. OBTAINING DRIVING KNOWLEDGE BY ROUGH SET
Autonomous vehicle needs a lot of driving knowledge. However, it is a difficult task to obtain driving knowledge from complex and volatile environment. In the research, many different trajectories have been artificially designed, and the experimental vehicle called ''RoboCar'' has been controlled by the driver, and the accuracies of tracking trajectories are artificially divided into three kinds: perfect, acceptable and unbearable. Then human driving information is used to build the database of training knowledge. Rough set provides an indiscernibility relation technique which can be used to classify and simplify the database based on some definition of ''equivalence''. The classification and simplification method can be described with the application in the article.
Let U = {X 1 , X 2 , . . . , X i , . . . , X N } be the space set of the driving information obtained from the vehicle training, where N is the number of training knowledge and X i is the i th set of SPs and SA, as shown in (10) . 3 '} is the condition information of driving knowledge, so P is considered as the full set of condition attributes. Q = {SA } is the full set of the decision attributes. These rules should have the form P → Q. Since each pre-processed SP k ' has 15 kinds of different values, the condition attributes have been divided into 15 3 equivalence classes. Then each equivalence class C j (j = 1, 2, . . . , 15 3 ) can be shown in (11) .
where Z 1j , Z 2j , Z 3j are the legitimate values from the domains of their attributes, respectively. Let k SA ( k SA=k-7, k∈{0, 1, 2, . . . , 14}) be SA', and then the probability k β c j of k SA within equivalent class C j is calculated by (12) .
where M j is the set number of SPs within the equivalence class C j , M jk is the decision number of k SA within the equivalence class C j . VOLUME 7, 2019 Here, a part of human driving data is used to introduce the driving knowledge acquisition method, as a simple example. Table 1 is the initial driving information and the normalization result by the proposed methods.
Then the space set of driving information can be shown by using five equivalence classes, as shown in (13), where driving information is the normalization result by the proposed methods.
where
Then the part of training data from human driving can be simplified by (14) .
Using (5), the probability of SA within equivalent class C j (j = 1, 2, 3, 4, 5) is calculated, as shown in Table 2 .
Here, six groups of human driving data have been used to obtain the driving knowledge, and each group of data contains 120 sampling points. In this way, all of driving data are classified and the probability of each SA within each equivalent class is calculated. If the probability of a SA' is lower in an equivalence class, the SA is not used to guide autonomous vehicle. Then the SA will be removed from equivalent class. The whole training process takes 1.36 seconds. With the process of driving information within each equivalent class, the effective driving knowledge is obtained, and the database of driving knowledge is optimized.
In general, all of human driving data will be classified into three categories: perfect, acceptable and unbearable. Moreover, three categories of data are approximately subordinate to normal distribution. Even if the driving data are from the different drivers with different driving styles, the driving knowledge of autonomous vehicle would not be disturbed to a large extent, except the human driving data are disobedient to normal distribution.
D. SELF-POSITON AZIMUTH CORRECTION
Dead reckoning method has been used to presume the mobile's self-position in many articles [40] - [44] . However, while the vehicle is running, there are many phenomena that can cause the error of vehicle's positional estimation, such as wheel slip, the change of wheel radius, a slip of a bump in a road surface, external disturbance, and the resolution of the rotary encoder [45] , [46] . With the accumulation of different phenomena increasing, the cumulative errors of the vehicle position gradually become bigger. In some ways, the disadvantage limits the precision of the vehicle's positional estimation.
To solve this problem, laser range finder (LRF) is employed to obtain external information, and then to correct self-position azimuth. In the experiment, the specification of the operational LRF is introduced, which mainly includes type (UBG-04LX-F01), maximum measuring range (5 m) and coverage angle (240 0 ). Moreover, a pole (Height: 200 mm, Diameter: 65 mm) is set at each already-known target point. Then the relative distances and angles between the experiment vehicle and these poles can be measured, and the SPAC's method is adopted to correct the locating position and running direction of the vehicle. Here, as an example shown in Fig. 8 , the known locations of two poles are detected to correct the angle of the vehicle, which introduces the principle of SPAC.
Where − → W i (i=1, 2) is the vector of the i th pole on the world coordinate system (XOY), − → W 2 − − → W 1 is the vector from the first pole P 1 to the second pole P 2 .
− → G is the actual vector of the vehicle's position. 2) is the vector of the i th pole on the vehicle coordinate system (X O Y ). θ i (i=1,2) is the vector angle from the vector − → V i to the medial axis of the vehicle, and counter-clockwise is defined to be positive value, otherwise negative value. θ G is the actual angle of the vehicle, θ 3 is the vector angle from
Then θ 3 , θ 4 , θ G and − → G can be calculated respectively as follows.
IV. VERIFICATION
To verify the performance of the fuzzy control method proposed in this research, four kinds of target pathways were formulated, and the model vehicle ''RoboCar'' as shown in Fig. 1 was employed . Firstly, the model vehicle ''RoboCar'' has been driven manually to acquire the driving knowledge, then the database of driving knowledge is built. Secondly, back propagation algorithm was used to train the vehicle's control system of ANFIS. When autonomous driving function is started, the vehicle is controlled by square wave of the ANFIS's output. Finally, RoboCar was tested to drive automatically with each target pathway under the speed of 10 cm/s. When an obstacle is avoided intelligently, the safety distances were set to control in the range from 5cm to 8cm. Moreover, the interval between the target points on the target pathway is set to 20cm.
To highlight the effectiveness of the proposed methods, various fuzzy control approaches, such as the initial SPs with ANFIS, the normalized SPs with fuzzy neural network (FNN), and the initial SPs with FNN have been applied with the same conditions to perform trajectory tracking and obstacle avoidance. For the sake of narration, the proposed methods based on the PN-based SPs and ANFIS in the paper are represented by PN+ANFIS; the control method based on the initial SPs and ANFIS is represented by ANFIS. Here, the initial SPs are actually the environmental information of the vehicle which is obtained directly by SCs, IDMSs and LRF. The controller based on the initial SPs and ANFIS focuses on the network structure of ANFIS since the initial SPs are regarded as the input of ANFIS. Similarly, the fuzzy controller based on the PN-based SPs and FNN is labelled by PN+FNN; the fuzzy controller based on the initial SPs and FNN is labelled by FNN. Moreover, time, maximum tracking error and mean tracking error are used to evaluate the stability of the fuzzy controller.
A. EXPERIMENTS AND VERIFICATION
The programs, experimental objectives, vehicle's initial conditions, experimental results, and tracking errors on each target pathway are introduced by the following text description and graph presentation, respectively.
The first target pathway was designed with one-fourth circle of the radius 100 cm and 100 cm straight part. The vehicle's initial conditions were that the SA was 30 0 and the starting point was placed on the right side of 20 cm. Firstly, the driver has driven nine times along the first target pathway, among which, the tracking accuracy is perfect three times, acceptable three times, and unbearable three times. Secondly, these human driving data were normalized by the PN-based method as shown in (1) and (2) to build the database of training knowledge for pathway tracking. When the database was input into ANFIS, premise parameters {s i , t i , r i } and consequence parameters {A i , B i , C i , D i } have been determined. Then the PN-ANFIS-based controller has been designed. Finally, the model vehicle ''RoboCar'' was switched to autonomous driving mode, and placed with initial conditions in starting point. The current relative position was processed to input the vehicle decision system, then the next SA was obtained to control the driving direction. So the actual trajectory that the vehicle automatically tracked the first target pathway has been obtained according to the information of relative positions in run time period. Similarly, the ANFIS-based controller, the PN-FNN-based controller, and the FNN-based controller have been performed to track the first target pathway. The actual trajectory of each control method is shown in Fig. 9 , and the tracking errors between the first target pathway and each actual trajectory are shown in Fig. 10 .
To complicate the tracking pathway, three semicircles with a radius of 50 cm are added to the second target pathway. The initial SA was set to 0 0 , and the vehicle was placed to run from the starting point of the pathway. Since it is limited that the human driving knowledge has been obtained in the first target pathway, and is not adapted to track a circular trajectory with a radius of 50 cm, nine trajectories have been controlled by the driver to obtain the corresponding driving knowledge, and then train the proposed controller and the compared ones. Then each controller has been implemented on the model vehicle ''RoboCar'' to track the second target pathway. The actual trajectories are shown in Fig. 11 , and the tracking errors between the second target pathway and each actual trajectory are shown in Fig. 12 .
The third target pathway was 500 cm straight line with two obstacles, one of which was a 15 cm cylinder of radius 3 cm, another was a cuboid with W7 cm, D7 cm, and H10 cm, and were placed on two sides of the pathway. The vehicle's initial conditions were that the SA was 0 0 from the starting point. The experimental objective is aimed to avoid an obstacle along a straight trajectory. However, there is no driving knowledge of obstacle avoidance along a straight trajectory in the previous database. Then nine trajectories along the third target pathway have been operated by the driver to train the four controllers. When each controller has been implemented automatically, the corresponding actual trajectory is shown in Fig. 13 , the tracking errors relative to the third target pathway are shown in Fig. 14. The fourth target pathway was the curve part shown as the second target pathway with the same obstacles used in the third target pathway. The experiment focuses on obstacle avoidance along a bending trajectory. Similarly, there is no driving knowledge of obstacle avoidance along a bending trajectory in the previous database. Then the model vehicle ''RoboCar'' has been driven by the driver along the fourth target pathway, to obtain nine trajectories for training the four controllers. When the model vehicle ''RoboCar'' with the different controllers has been performed intelligently to track the fourth target pathway and avoid the different obstacles, the actual trajectories and the tracking errors relative to the fourth target pathway are shown in Fig. 15 and Fig. 16 , respectively.
B. ANALYSIS OF EXPERIMENTAL RESULTS
To evaluate the stability of the PN-ANFIS-based controller, time, maximum tracking error and mean tracking error of each controller were analyzed under four target pathways, as shown in Fig.17, Fig.18 and Fig.19 .
Since there are discrepancies of obstacle arrangement, experimental programmes and vehicle's initial conditions, the experimental results among four target pathways are not easy to be compared vertically, but can be analysed partially. For SPs of the vehicle's running environment, there is a big difference between the PN-based SPs and the initial SPs in the experiment results. The PN-ANFIS-based controller saved time between 3s and 6s, reduced maximum tracking errors between 0.5cm and 1.8cm, reduced mean tracking errors between 0.2cm and 0.35cm than the ANFIS-based one. The PN-FNN-based controller saved time between 2s and 5s, reduced maximum tracking errors between 0.4cm and 1.4cm, reduced mean tracking errors between 0.17cm and 0.24cm than the ANFIS-based one. Therefore, the PN method can improve the recognition sensitivity of initial SPs, whether ANFIS or FNN is employed to design a controller.
Similarly, the controller based on ANFIS has a strong adaptability, regardless of whether the SPs is normalized by PN or not. The ANFIS-based controller saved time between 0.8s and 1.1s, reduced maximum tracking errors between 0.3cm and 0.6cm, reduced mean tracking errors between 0.04cm and 0.08cm than the FNN-based one. The PN-ANFIS-based controller saved time between 1s and 3s, reduced maximum tracking errors between 0.4cm and 0.8cm, reduced mean tracking errors between 0.12cm and 0.16cm than the PN-FNN-based one.
In general, the experimental results have fully achieved the purposes of target recognition, pathway tracking, and obstacle avoidance. The mean tracking errors between target pathways and actual trajectories are less than 3 cm, the safety distances between actual trajectories and the set obstacles have been controlled in the threshold scope. Moreover, the PN-ANFIS-based method has been compared to get an average time savings of 7.6%, and reduce maximum tracking error of 8.1% and mean tracking error of 8.5%.
V. CONCLUSION
To intelligently recognize a running environment and avoid an obstacle on a given pathway, a pyramid normalization (PN) method and an ANFIS-based control method were proposed, and the effectiveness was demonstrated experimentally. The superiority of the methods proposed in this article can be explained by the following points:
(1) SPs directly express a relative position of autonomous vehicle in the running environment, and especially, the PN-based normalized SPs not only optimize the database of the driving knowledge, but also improve the recognition sensitivity of initial SPs.
(2) The fuzzy control method using ANFIS and SPAC not only has a strong adaptability to recognize a complex environment, but also can return quickly to target pathway after obstacle avoidance.
Considering running speed and driving environment of autonomous vehicle in real agricultural workers, it is believed that this method can also be applied with higher speed in practical work. The future work will focus on planning a work pathway in the farmland to test obstacle avoidance, and the proposed methods will be promoted gradually to apply in the field of ordinary vehicle with complex running environment, particularly moving obstacles.
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